The ecological impact stemming from a biological invasion is considered the most poorly 26 understood aspect of the invasion process. While forecasting methods are generally lacking, a 27 potential means of predicting future impacts is to examine the effects caused by a non-indigenous 28 species (NIS) at previously invaded locations, i.e. its invasion history. However, given the context-29 dependence of impact and the scarcity of data, it is uncertain whether invasion history can in fact 30 be used to forecast the effects of most introduced species. Using a sample of 19 aquatic NIS listed 31 with the IUCN's 100 World's Worst Alien Invasive Species, we reviewed the literature to 32 determine i) the amount of information currently available concerning their ecological impacts, ii) 33 if the effects reported to be caused by each NIS are consistent across multiple studies, and iii) 34 whether their invasion histories provide sufficient quantitative information to assess and forecast 35 the severity of their impacts on recipient environments. As a case study, we conducted a meta-36 analysis and developed models that relate the severity of the impacts of a well-documented invader, 37 common carp (Cyprinus carpio), to two potential predictor variables: biomass and time since 38 introduction. We then tested whether models developed from one set of observations can predict 39
model, risk assessment 48

Introduction 49
Non-indigenous species (NIS) are often studied at independent stages of the invasion 50 process comprising their transport, establishment, local spread and impacts (Williamson and Fitter 51 1996, Kolar and Lodge 2001) . Empirical analysis of previously documented invasions, combined 52 with theoretical knowledge, has yielded several tools which can be used to predict various aspects 53 of these different stages -particularly the establishment and spread of NIS (e.g. Peterson and 54 Vieglais 2001, Hastings et al. 2005 , Lodge et al. 2006 ). Yet, despite growing recognition of the 55 ecological threats posed by introduced species, relatively few studies have explicitly quantified the 56 effects of NIS on their recipient communities (Parker et al. 1999 ). Consequently, predictive 57 models of impact are lacking for the majority of even the most widespread and disruptive invaders, 58
and generalisable forecasting methods are almost nonexistent. 59
Attempts to prioritize limited management resources towards the most disruptive invaders 60 and vulnerable sites would benefit greatly from reliable estimates of potential impacts (Byers et al. 61 2002), particularly given the growing number of species introduced to new geographic locations 62 each year Geller 1993, Ricciardi 2007) . It is generally expected that only a small 63 fraction of these NIS will cause notable damage to their recipient environments (Williamson and 64 Fitter 1996, Ricciardi and Kipp 2008) . Some of the factors which may determine whether anpose, they cannot offer insight into the specific types of impacts (e.g. effects on a particular native 74 species or ecosystem process) nor the severity of these effects to be expected at recipient locations 75 -information that is necessary to direct management efforts (Vander Zanden and Olden 2008) . 76
Estimating the potential impacts of a novel introduced species is a challenging task (Byers 77 et al. 2002) . However, knowledge of the effects caused by NIS at previously invaded sites (i.e. The resulting database was used to quantify the amount of information available 193 concerning the invasion history of each NIS and to determine whether this information could be 194 used to gain a predictive understanding of their impacts. First, to assess whether certain NIS are 195 likely to possess more detailed invasion histories than others, we tested whether the number of 196 studies reporting impacts varied between marine and freshwater taxa or between vertebrate and 197 invertebrate invaders. Owing to unequal variances between groups and skewed distributions, we 198 used Welch's t-test and restricted our comparisons to two-tailed tests (Ruxton 2006) . Using least-199 squares regression, we also examined whether the number of studies reporting the impacts of each 200 NIS was dependent upon the extent of its invaded range, estimated by the number of countries in 201 which a species has become established. Both variables were log-transformed prior to analysis to 202 achieve normality. For these and subsequent tests, results were considered significant at p ≤ 0.05. 203 Data for each NIS were then grouped according to affected taxon, abiotic parameter, 204 functional group, or other biologically relevant impact categories. This was done to determine the 205 quantity of information available for any particular type of impact and to test whether the direction 206 of the various effects attributed to each species were consistent across multiple studies, with the 207 greatest degree of resolution possible. To assess consistency within each impact category we used 208 a G-test to determine if the number of observed positive and negative effects differed from that 209 expected by chance. Impacts categorized as non-directional changes, which made up less than 5% 210 of all records, were not considered. We also restricted our tests to impact categories where the 211 number of cases expected under the null hypothesis for each outcome was no less than 3 (Sokal 212 and Rohlf 1995). 213
Finally, to examine whether invasion history could be used to derive quantitative 214 information suitable for assessing the severity of impacts, we first identified the most commonly 215 documented impact category for each NIS. When five or more published studies were located, we 216 revisited relevant articles to determine if sufficient information (i.e. raw data, statistics, graphical 217 information) was available to quantify impact severity and if these estimates were directly 218 comparable across studies. For each impact category examined, we then determined the maximum 219 number of studies that could be combined using meta-analysis or other statistical techniques. We 220 also identified the main impediments to combining quantitative information from multiple 221
publications. 222
The results derived from these analyses were then used to rank each NIS according to the 223 relative degree of utility of invasion history for generating impact predictions. Based on the most 224 commonly cited impact category for each species, the 19 NIS were ordered hierarchically 225 according to the following criteria: (i) the number studies, providing comparable quantitative data 226 regarding the severity of the reported impacts; (ii) the level of agreement among studies 227 concerning the direction of the effect (either significantly different from random, not significantly 228 different or insufficient data); and (iii) the total number of studies reporting the particular 229 experimental ponds) and many had reported that several types of impacts (including those on 238 rooted macrophytes and various water quality parameters) vary linearly as a function of carp 239 biomass (e.g. Robel 1961 , Crivelli 1983 , Breukelaar et al. 1994 , Lougheed et al. 1998 , Chumchal 240 et al. 2005 . We therefore conducted a meta-analysis to test the generality of these relationships 241 and to examine whether the severity of the impacts caused by common carp could be predicted 242 from its local density. 243
Rather than using the more conventional approach of converting the statistics reported in 244 each publication to standardized effect sizes (Hedges 1992) , we opted to employ a meta-analysis 245 procedure based on linear mixed-effect models (LMEM). LMEM provide an appropriate 246 framework in which to analyze data with an inherently grouped and thus non-independent 247 structure, such as those derived from the same study or experiment (Pinheiro and Bates 2004) . By 248 incorporating both fixed (i.e. across-study) parameters and random (i.e. within-study) effects, this 249 approach allowed us to use multiple observations from a wide range of published studies to 250 examine the relationship between various impact categories and carp biomass, while accounting 251 for intrinsic variations among studies. 252
Raw data were first compiled from the text, tables or figures (i.e. by digitizing graphs) 253 presented in each article. For each observation of impact, we recorded the corresponding biomass 254 density (kg/ha) of carp as reported nearest the time when the impact was measured, most often at 255 the conclusion of the experiment. When density was not reported directly, it was calculated from 256 the reported carp biomass and the enclosure or water body size, where possible. Given that the 257 impacts of carp might also vary with the amount of time since they have become established in the 258 recipient system, we also recorded experimental duration -i.e. the number of days between the 259 introduction of carp and the measurement of impact. 260
We were able to investigate eight impact categories, including the effects of carp on rooted 261 macrophytes, benthic macro-invertebrates, phytoplankton, turbidity, total nitrogen, total 262 phosphorus, total suspended solids and inorganic suspended solids (Table 2) . Observations within 263 each category were converted to the most commonly reported unit of measurement, where possible, 264 or were otherwise discarded from the analysis. Although several studies reported the impacts of 265 carp on zooplankton, the reported metrics varied greatly, sometimes involving density 266 (individuals/L), biomass (g/L), species richness or diversity (e.g. Shannon-Weaver index) of the 267 zooplankton community. As a result, these data could not be confidently standardized and this 268 impact category was not examined in the meta-analysis. For each impact category, studies with 269 fewer than three observations were retained for validation of the fitted models. the fit given by a particular model and its complexity, i.e. the number of parameters included 304 (Johnson and Omland 2004) . Although BIC penalizes more heavily than AIC for each additional 305 parameter, models with the lowest values for both criteria were considered to be the most 306
informative. All analyses were conducted using R statistical software (R Development Core Team, 307 2008) and packages ''lme4'' and "nlme" (Bates 2005). 308
category were not used in the model development process. Fitted models were further validated by 310 estimating the expected severity of impact for these observations, based on parameter estimates 311 derived from the optimal model for each category. As the number of validation studies for each 312 impact type was low (i.e. n ≤ 5), we evaluated the predictive power of our models based on 313 regression analysis between observed and predicted impacts across all categories. 314 315
Results
316
Literature review 317
Of the studies identified during our literature search, only a fraction (~ 35%) had actually 318 documented the ecological impacts of any of the 19 NIS examined. As such, we were able to 319 identify only 218 published articles that met our criteria. Several of these articles reported the 320 results of multiple approaches (e.g. a lab experiment and a field study) or the impacts of more than 321 one of our sample NIS, yielding what we considered as 237 (103 observational and 134 322 experimental) case studies. The number of studies reporting the effects of each NIS ranged 323 between 1 for walking catfish and 46 for common carp ( Figure 1A ). We found no significant 324 difference between the number of studies reporting the impacts of freshwater versus marine taxa (t 325 = 1.14, df = 15, p = 0.27), or between vertebrate and invertebrate invaders (t = 1.90, df = 9, p = 326 0.09). Furthermore, although the number of studies for each species tended to increase with the 327 number of invaded countries, the trend was not statistically significant (R 2 = 0.16, F = 3.25, p = 328 0.089). 329
Many articles had reported the effects of their focal NIS on multiple factors (e.g. different 330
taxa, several abiotic parameters, etc.), thus we were able to extract a total of 353 different records 331 for impact, ranging from 1 to 113 for each invader ( Figure 1B ). The most commonly citedmechanisms by which NIS affected their recipient communities were direct predation (n = 143), 333 competition with native species (73), and indirect effects resulting from either trophic cascades (35) 334 or habitat modification (138). Several studies had stated that more than one mechanism was likely 335 responsible for the observed impact; however, carp accounted for more than 70% of the 336 documented effects associated with habitat modification (Figure 2) . By categorizing the impact 337 records for each NIS into groupings of similar effects, we identified 66 unique impact categories, 338 which varied from 1 (for several species) up to 10 (for carp) ( Figure 1C ), whereas the number of 339 records within each individual impact category ranged between 1 and 22 ( Figure 1D ). A full 340 summary of the compiled impact data and source publications is provided in Appendix A. 341
342
Direction and severity of impacts 343
Over a quarter of the impact categories identified had but a single record -i.e. only 1 study 344 had documented the particular ecological impact, and only 23 categories had sufficient 345 information to be assessed using the G-test. For all but two of these categories, the number of 346 positive or negative effects was significantly greater that that expected by chance (p ≤ 0.05). Thus, 347 with the exception of the effects of Mytilus galloprovincialis on gastropod species (p = 0.31) and 348 those of carp on zooplankton (p = 1.0), there was substantial agreement among studies regarding 349 the directionality of observed impacts (Table 3) . Lack of compatibility between the specific types of effects (i.e. effect size estimates) 360 reported across studies was also found to be a major limitation. For Caulerpa taxifolia, 9 of 10 361 studies that reported impacts on other macroalgae also provided substantial quantitative 362 information in the form statistical results and graphical data. Among these, 5 studies reported 363 quantitative estimates of impacts on the productivity of native species, and the remaining studies 364 focused on other aspects, such as the diversity or composition of the recipient community. 365
Consequently, information from all of these 9 quantitative studies would not be amenable to 366 combined statistical assessment. 367
Finally, we also noted that studies reporting quantitative information for several 368 widespread NIS were often conducted in only a small portion of the species' invaded range. This 369 might hinder generalization to other invaded regions, given substantive spatial variation in 370 observed impacts (Ricciardi and Kipp 2008) . For example, 75% of studies that provide 371 comparable quantitative estimates of the impacts caused by brown trout on native fish populations 372 have been conducted in either New Zealand or Australia, which represents only a small fraction of 373 the NIS' global invaded range (Lever 1996) . 374
Given the findings presented above, each NIS was ranked to reflect the relative degree of 375 utility of its invasion history for generating predictions regarding its most prevalent impact 376 category (Table 4) . Common carp was ranked as having the most informative invasion history, 377 followed by several other freshwater fish species, including mosquitofish as well as brown trout 378 and rainbow trout. Two NIS, the Asiatic clam Corbula amurensis and the walking catfish Clarias 379 batrachus, had the least informative invasion histories; in either case only a single study had 380 documented the particular ecological impact. 381 382
Common carp meta-analysis 383
Of the publications reporting the impacts of carp, 30 studies presented data that could be 384 used in our meta-analysis. Most articles provided information on two or more impact categories, 385 and many had reported impacts across a range of different carp densities, resulting in a total of 331 386 observations. Six studies had insufficient information to be used in the model fitting process and 387 thus were used exclusively for validating fitted models, whereas four studies had enough 388 information to fit models for certain impact categories and to validate others. 389
For most impacts examined, models that incorporated a flexible intercept term (equation 2) 390 resulted in a substantially lower AIC, BIC, and residual standard deviation compared to those that 391 incorporated only a fixed-effect estimate (i.e. equation 1). Carp biomass was found to be a 392 significant predictor of impact severity for all categories (p ≤ 0.04), with the exception of total 393 suspended solids (Table 5 ). Based on comparisons of AIC and BIC, the model in the form of 394 equation 3 provided an optimal description for most forms of impact. This would suggest that, for 395 most of the categories examined, there is a comparable change in impact severity for each unit 396 increase in carp biomass, but that there is considerable variation among studies in the response 397 variable in the absence of carp (i.e. initial or pre-impact conditions) and a limited effect of 398 experimental duration. However, the best model for describing impacts on phytoplankton biomass 399 also included a fixed-effect slope term for experimental duration, whereas that for inorganic 400 suspended solids included a random carp biomass slope, suggesting that the relationship between 401 this parameter and carp biomass varies considerably among studies.variable being investigated in the absence of carp (i.e. before introduction or as a control treatment) 404 and one estimate for impact at a particular carp density. All optimal models included a flexible 405 intercept term, indicating that some of the variability in the magnitude of the impacts reported by 406 different studies was the result of site-specific differences in initial conditions. To validate our 407 models we therefore generated our predictions using the control observation reported in each 408 publication as an estimate of the intercept (i.e. the pre-impact state of the response variable) and 409 the fixed effect slope estimates derived from the best fit model for each category. 1998), with the exception of changes in total suspended solids (TSS), substantial variation in the 493 impact categories noted above could be explained by linear models relating impact severity to carp 494 biomass. Thus, despite some heterogeneity in previous findings, our meta-analysis demonstrates 495 that, at a broad inter-regional scale, the invasion history of this NIS can in fact be used to develop 496 informative predictions regarding the severity of multiple impacts expected to occur at differentestimate the magnitude of impacts, based on initial conditions and carp biomass reported by others, 499 we were able to predict impact severity with a high degree of accuracy. 500
Our results, as well as previous findings, also illustrate the degree to which the impacts of 501 carp are context-dependent. Each of our models included a flexible intercept term, suggesting that 502 the severity of the impacts expected to occur at a particular carp density depend largely on 503 experimental or site-specific conditions. Furthermore, for one of the categories examined, 504 inorganic suspended solids, the relationship with carp density varied substantially between studies. mainly of experiments conducted in controlled environment over relatively short time-spans, and 517 thus may not fully reflect the potential variation in impact severity that may occur under natural 518 conditions. Unfortunately, given the lack of historical baseline data for carp introductions 519 throughout much of its invaded range, we were unable to assess the predictive power of our 520 models in natural systems. 521
Our results illustrate that invasion history can be used to develop informative predictions 524 pertaining to the type and direction of ecological impacts caused by many introduced species. 525
Furthermore, for at least some NIS, the severity of impacts to be expected at novel recipient sites 526 can be estimated from a few key variables. As demonstrated for carp, substantial variance in 527 impact severity can be explained by empirical models linking the invader's biomass to the 528 Indeed, apart from common carp, only seven of the 19 NIS examined in our study (i.e. 537 green crab, largemouth bass, Caulerpa taxifolia, mosquitofish, rainbow trout, Mnemiopsis leidyi 538 and brown trout) were the subject of five or more studies that provided comparable quantitative 539 estimates of impact severity. Thus, information necessary for analysis and prediction of future 540 impacts is presently quite limited, even for many of the world worst invaders. Furthermore, only 541 three additional species: Mytilus galloprovincialis, Nile perch and Cercopagis pengoi, had 542 sufficient information to statistically test consistency in the direction of reported impacts. As such, 543 quantitative assessments of invasion history can presently be conducted for no more than 60% of 544 the aquatic NIS considered here, and even then only a fraction of the types of impacts caused by 545 most of these species could be examined. For the remaining NIS, invasion history will likely be 546 limited to providing qualitative descriptions of impacts that may arise from future invasions. 547
Given that our sample of NIS were selected from among the list of the 100 World's Worst 548
Invasive Alien Species, one might conclude that information on impacts may be too limited to 549 develop useful predictions concerning the ecological effects of most other NIS. However, the 550 IUCN's list is largely an educational tool designed to raise awareness of biological invasions. 
